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Aesthetic Attribute Evaluation of Advertising Layout Images
Based on Deep Learning

SHEN Jia-min,BAO Bing—kun
(School of Communication and Information Engineering, Nanjing University of Posts and

Telecommunications , Nanjing 210000, China)

Abstract: The aesthetic evaluation of image quality is a hot topic in the past decade, but most of the research is about the aesthetic
evaluation of natural images. However, with the development of Internet technology, online advertising business has been developed
rapidly, so it is necessary to accurately and efficiently evaluate the quality of an advertising layout images. The so—called advertisement
layout images mean that the advertisement images do not take into account the specific content of the advertisement language. In order to
study the aesthetic quality evaluation of advertising layout images, a new data set, ALID, is introduced, which includes the numerical
evaluation and language evaluation of four aesthetic attributes. An aesthetic multi—attribute network is proposed, which consists of three
parts ; multi—attribute feature network, attention network and language generation network. The multi—attribute feature network calculates
the feature matrix of different attributes through multi—task regression of four different aesthetic attribute scores. Attention network dy-
namically adjusts the dimensions of acquired features. Finally,the language generation network generates image subtitles through the long
short—term memory. The experiment shows that the proposed model is superior to the traditional CNN-LSTM model and the modern
SCA-CNN model according to the evaluation criteria of image subtitles.
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GT: Wow, very sharp image (maybe a little too much). Nice composition and colors.
Our: great compositionilove the colors (Predicted Score:7.1)

GT: Beauty. Thatlightreally sets off the composition as well. Excellent.

Our: thisis a very nice lightingand composition(Predicted Score:8.0)

GT: gorgeous. love the whole but that bag is perfect.

Our: the wholeis nice and the focus on the bag. (Predicted Score:6.5)

GT: the advertisinglanguageis distracting

Our: |like the subject and the compositionis a bit distracting(Predicted Score:5.6)
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Method BELU-1 BELU-2 BELU-3 BELU-4
CNN-LSTM( Color and Lighting) 46.3 23.2 13.6 6.9
SCA-Model( Color and Lighting) 46.5 23.3 13.9 7.1

AMAN( Color and Lighting) 48.7 25.0 14.4 7.3
CNN-LSTM ( Composition ) 47.5 24.5 14.1 7.0
SCA-Model ( Composition ) 48.0 24.6 14.3 7.2

AMAN ( Composition ) 49.2 24.9 14.6 7.5




55 3 1 DRAERAE BT IR S T ) i A SR PR R S Jm P r - 43

£ 8
Method BELU-1 BELU-2 BELU-3 BELU-4
CNN-LSTM( Depth and Focus) 46.2 23.1 13.2 6.4
SCA-Model ( Depth and Focus) 46.3 23.3 13.4 6.5
AMAN ( Depth and Focus) 47.1 24.0 13.7 6.8
CNN-LSTM (Impression and Subject) 46.1 23.0 13.5 6.9
SCA-Model ( Impression and Subject) 46.2 23.3 13.5 7.0
AMAN ( Impression and Subject) 46.8 23.6 13.9 7.4
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Method METEOR ROUGE CIDEr
CNN-LSTM( Color and Lighting) 12.5 27.0 6.1
SCA-Model( Color and Lighting) 12.8 27.4 6.2
AMAN ( Color and Lighting) 13.2 27.9 6.5
CNN-LSTM ( Composition ) 12.7 28.2 6.4
SCA-Model ( Composition ) 12.8 28.6 6.5
AMAN ( Composition ) 13.6 28.9 6.8
CNN-LSTM( Depth and Focus) 12.2 26.8 6.0
SCA-Model ( Depth and Focus) 12.3 26.9 6.0
AMAN ( Depth and Focus) 12.7 27.7 6.3
CNN-LSTM (Impression and Subject) 12.6 27.2 6.1
SCA-Model ( Impression and Subject) 12.6 27.3 6.2
AMAN (Impression and Subject) 13.0 27.6 6.7
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Method SPICE Precision Recall
CNN-LSTM-WD!! 0.136 0.181 0.156

AO Approach!!) 0.127 0.201 0.121
CNN-LSTM( Color and Lighting) 0.166 0.179 0.154
SCA-Model( Color and Lighting) 0.174 0.194 0.158
AMAN ( Color and Lighting) 0.196 0.231 0.170
CNN-LSTM ( Composition ) 0.167 0.184 0.153
SCA-Model ( Composition ) 0.178 0.203 0.159
AMAN ( Composition ) 0.197 0.228 0.174
CNN-LSTM( Depth and Focus) 0.163 0.174 0.153
SCA-Model ( Depth and Focus) 0.167 0.182 0.154
AMAN ( Depth and Focus) 0.187 0.215 0.165
CNN-LSTM (Impression and Subject) 0.158 0.169 0. 149
SCA-Model ( Impression and Subject) 0.162 0.175 0.150

AMAN (Impression and Subject) 0.181 0.213 0.158
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